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Raster element concentration maps created using laser ablation inductively coupled plasma mass spectrometry
(LA-ICP-MS) can be used to interpret microscale compositional and textural domains within mineral grains. Raster
maps are typically evaluated element by element; however, application of statistical techniques (such as cluster
analysis) can enhance the generation of geochemical domains to support interpretation of growth zones, core-rim
relationships, sector zones, and compositional-textural associations. Clustered LA-ICP-MS map data can be
assessed within individual samples and between multiple samples, and can extend insight from the microscopic
scale to the regional scale to better understand geological paragenesis of an area.
Our workflow (1) applies a centred log transformation to selected elements in a raster map dataset; (2) uses
principal component analysis (PCA) applied to the multi-sample, mono-mineralic dataset to group similar ele-
ments in epidote based on geochemical character; (3) applies unsupervised clustering to separate different types
and generations of epidote in chemical feature space; (4) presents clustered LA-ICP-MS raster map results for
interpretation of inter- and intra-mineral chemical zones; and (5) plots results spatially, across a regional map
area, to investigate geological paragenesis.
The workflow is illustrated using samples of epidote from the Yerington porphyry-skarn Cu (Mo–Au) district. In
the case study area, six clusters are defined by unique mineral compositions: (1) low U; (2) elevated Pb, Mn and
low Fe and Sr; (3) elevated Ce, U and low Mn and Pb; (4) elevated U, Ce; low Mn, Pb; (5) elevated Sr, Fe and low
Mn, Pb; and (6) elevated Mn, Sr, and Fe and low Ce and U. The regional distribution of these groups is presented
as indicating proximity to the porphyry environment (lower concentrations of Ce, U, As and Sb and higher
concentrations of Mn, Sr and Fe) versus retrograde skarn (elevated Ce, U, As and Sb).1. Introduction
Laser ablation inductively coupled plasma mass spectrometry (LA-
ICP-MS) is an analytical technique used to collect high-resolution quan-
titative geochemical data from minerals (e.g., Large et al., 2009; Ulrich
et al., 2009, Cooke et al., 2014a, 2014b). Rastered lines of LA-ICP-MS
spot data can be used to create 2-D geochemical maps representing ele-
ments of interest. These elemental maps are then typically used for the
qualitative assessment of mineral textures and relationships (Large et al.,
2009). The utility of LA-ICP-MS raster mineral maps includes interpret-
ing magmatic history (Ubide et al., 2015), element mobility duringuncil (ARC) Research Hub for T
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evier Ltd. This is an open access ametamorphism (Raimondo et al., 2017), hydrothermal paragenesis (Zhu
et al., 2016; Roman et al., 2018), relative timing of metal mineralisation
(Large et al., 2009), and metallurgical prediction for ore processing
(Parbhakar-Fox et al., 2016).
LA-ICP-MS element maps can contribute to the interpretation of
mineral paragenesis from observed textural and geometrical features
derived from inter- and intra-mineral chemical zonation. Observations
are then placed into relevant geological context. However, when many
elements are analysed, the number of resultant maps is high. In this case
the visual comparison of pixels or patterns between maps becomes
impractical because manual pattern recognition is time-consuming andransforming the Mining Value Chain, University of Tasmania, Private Bag 79,
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regions is imprecise.
The use of unsupervised clustering to group whole-rock geochemical
data for spatial analysis is well-explored (e.g., Templ et al., 2008;
Campbell et al., 2009; Grunsky et al., 2014; Gazley et al., 2015; Hood
et al., 2018; Sterk et al., 2018). In contrast, studies of clustering applied
to in-situ mineral chemistry data are less common and focus on inter-
preting geochemical groups without an emphasis on spatial distribution
(e.g., pyrite; Campbell et al., 2009; Gourcerol et al., 2018a,2018b; Roman
et al., 2018; Kerr et al., 2018). Lawley et al. (2020) applied cluster
analysis to LA-ICP-MS map data of sulphides to assess precious metal
mobility during alteration. However, PCA and cluster analysis were
applied to individual samples (not multi-sample compiled data) and
multi-mineral element maps (not mono-minerallic maps). Bence et al.
(2014) introduced the application of Principal Component Analysis
(PCA) to LA-ICP-MS data, followed by unsupervised clustering, to
differentiate multi-phase assemblages of minerals for matrix-specific
standard correction purposes. While novel and useful, the study did not
address statistical issues inherent to compositional data (Aitchison, 1982,
1986) or the geological interpretation of resulting maps for use in
interpreting regional geology or mineral deposits.
In this study, we present a workflow for interpreting geochemical
relationships from log-ratio transformed and clustered LA-ICP-MS raster
map data. The workflow (1) uses PCA to group covarying elements in
epidote; (2) uses unsupervised clustering to separate compositions of
epidote; and (3) presents a way to organise and summarise chemical
domains within and between epidote using LA-ICP-MS raster maps. As a
practical example, epidote samples from the Yerington district are pro-
cessed to produce geochemical clusters which are then interpreted to
infer mineral paragenesis. While epidote data are presented, the meth-
odology is readily applicable to any raster mineral chemistry data.1.1. Geology of the Ann Mason fault block, Yerington district, NV
The Yerington district, Nevada, is located approximately 100 km
southeast of Reno, Nevada and is host to a range of Mesozoic ore deposits,Fig. 1. Geology map of the Ann Mason fault block, modified from Proffett and Dilles
epidote. Locations and sample descriptions are included in Table 1.
2including porphyry Cu (Mo–Au), skarn Cu and Fe-oxide Cu (Fig. 1).
Mesozoic rocks in the district have been tilted up to 90 by post-
mineralisation Basin and Range faults, resulting in a series of fault
blocks that expose extensive vertical sections within and around the
deposits (Proffett and Dilles, 1984; Dilles and Einaudi, 1992). The Ann
Mason fault block provides the most laterally and vertically extensive
exposures of a magmatic hydrothermal system in the district, from its
roots through to its roof (Fig. 1). It includes the giant Ann Mason por-
phyry Cu (Mo–Au) deposit (1400 Mt @ 0.32% Cu, 0.006% Mo, 0.03 g/t
Au), the smaller Casting Copper Cu skarn deposit, and other skarn de-
posits (Fig. 1). It also contains a mineralised and an unmineralised
batholith, providing the opportunity for direct comparison between
productive and unproductive magmatic-hydrothermal systems.
Copper mineralisation in the Yerington district is spatially and
genetically associated with the composite Yerington batholith; a suite of
high-K, calc-alkaline arc-related magmas (Dilles, 1987; Ahmed, 2019)
emplaced in response to east-facing subduction beneath the western
margin of North America in the Late Jurassic (Dilles, 1987; Dilles and
Wright, 1988). The earliest phase of the Yerington batholith was the
McLeod Hill quartz monzodiorite (169.4  0.4 Ma; Dilles and Wright,
1988). It was followed closely by the Bear quartz monzonite, Luhr Hill
granite and the Luhr Hill granite porphyry dykes (168.5  0.4 Ma; Dilles
and Wright, 1988). The Shamrock monzonite is a post-mineralisation
intrusion (165.8  0.4 Ma; Dilles and Wright, 1988) and is inferred to
be unrelated to porphyry Cu or skarn mineralisation (Knopf, 1918; Dilles,
1987; Dilles and Wright, 1988; Ahmed, 2019).
Along with chlorite  calcite, epidote is one of the main constituents
of the propylitic alteration assemblage associated with porphyry Cu de-
posit formation (Gustafson and Hunt, 1975; Garwin, 2002; Sillitoe, 2010;
Cooke et al., 2014a, 2014b). Epidote is stable over a wide temperature
range (250–600 C; Reyes, 1990; Frei et al., 2004; Cannell et al., 2005;
Armbruster et al., 2006), and therefore can be found both near the de-
posit centre, in a proximal, high temperature environment, and distal to
the porphyry centre, where fluids may have cooled significantly. At
Yerington, epidote is part of at least three hydrothermal alteration as-
semblages: (1) associated with porphyry Cu mineralisation and(1984), showing the locations of samples used for LA-ICP-MS raster mapping of
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036emplacement of the Yerington batholith; (2) associated with retrograde
skarn alteration in volcanic and sedimentary host-rocks intruded by the
Yerington and Shamrock batholiths; and (3) associated with a barren
hydrothermal system in the post-mineralisation Shamrock batholith.
Cross-cutting relationships between these three generations of epidote
are not readily observable in the field (Ahmed, 2019).
2. Methods
2.1. Sample selection and preparation
Seven samples from the Ann Mason fault block were selected for LA-
ICP-MS raster mapping. Sample locations are shown on Fig. 1 and asso-
ciated sample descriptions are presented in Table 1. These samples were
selected to represent three features: (1) groups of alteration categorised
by distance from the Ann Mason porphyry Cu deposit centre; (2) regional
lithologies; and (3) different epidote-bearing vein and alteration
assemblages.
All sample preparation was completed at the University of Tasmania
lapidary laboratory. Samples were cut and set using epoxy into 25 mm
diameter round mounts for scanning electron microscope (SEM) and LA-
ICP-MS analysis.
2.2. Scanning electron microscopy
Areas of epidote for raster imaging were selected using the SEM and
examined for microscale textures and major element zonation. Samples
were analysed by backscattered electron (BSE) imaging and energy-
dispersive X-ray spectrometry (EDS) at the University of Tasmania Cen-
tral Science Laboratory using a Hitachi SU-70 Schottky field emission
SEM fitted with an Oxford AZtec XMax80 silicon drift detector EDS
system at 5–15 kV accelerating voltage.
2.3. LA-ICP-MS raster imaging
LA-ICP-MS raster map data were collected following the methods
outlined in Ahmed et al., 2020. An Agilent 7700 ICP-MS was used
coupled to an Australian Scientific Instruments Resolution system with
193 nm ArF excimer laser, housed at the CODES LA-ICP-MS Laboratory,
University of Tasmania. Laser ablation analyses were performed in an
atmosphere of pure He flowing at a rate of 0.35 L/min. Immediately past
the ablation point within the cell, He carrier gas was mixed with Ar (1.05
l/min) for improved efficiency of aerosol transport. The ICP-MS instru-
ment was tuned for production of molecular oxide species (i.e.
232Th16O/232Th) and doubly charged ion species (i.e. 44Caþþ/44Caþ)
below 0.2%, therefore no correction was applied for interfering speciesTable 1
Sample descriptions. UTM coordinates are provided in NAD83 Zone11. Mineral abbrev
Ep ¼ epidote; Py ¼ pyrite; Ttn ¼ titanite.
Sample ID YE16AA001 YE16AA058 YE16AA063
Easting 306684 302603 303185
Northing 4314832 4313281 4312925
RL 1627 1486 1587
Sample description
Rock unit McLeod Hill quartz
monzodiorite
McLeod Hill quartz
monzodiorite (?)
Shamrock
monzonite
Visible
alteration
Ep–Alb–Act–Ttn Ep – Qtz – Cal Ep–Di–Alb–Act–Qtz
Alteration style Patchy; clots Pervasive Pervasive
Vein – –
Vein width (cm) – –
Vein halo
mineralogy
– –
Vein halo width
(cm)
– –
Alteration
classification
Porphyry distal Skarn Skarn
3introduced into the analyte signal.
Images of elemental distribution within epidote grains were acquired
by rastering a set of parallel lines across the sample in a grid. The laser
beam size used was 4–6 μm with a repetition rate of 10 Hz, and a laser
energy density of ~3.5 J/cm2. Rastering speed was equal to the laser
beam size per second. Spacing between the lines was equal to the laser
beam size, resulting in full coverage of the desired area of the samples.
Each line on the image was pre-ablated to remove surface contamination
from previous ablations. To allow for laser cell wash-out, a delay of 20 s
was used after each pre-ablation line. Time of acquisition of each image
varied between 1.5 and 2.5 h, resulting in image areas of around 0.5–1
mm2.
All samples were analysed for Fe, Al, Sr, Mn, Pb, Ce, U, Th, As and Sb.
In addition to this element list, samples YE16AA001, YE16AA058,
YE16AA063 and YE16AA096 were also analysed for Bi. The acquisition
time for masses was 0.02–0.03 s. The total sweep time was ~0.36 s.
Image data reduction followed the method outlined in Large et al. (2009)
using a proprietary python script. Counts per second images were
generated using background subtracted data. Conversion of counts per
second images into ppm images was done using NIST610 as primary
standard. This standard was analysed using a line scan, with the same
spot size and scan speed as epidote samples, twice before and after each
image. Aluminum was used as internal standard element. For quantifi-
cation, a line of the image was chosen from an area with a clean epidote
section. An Al concentration of 12 wt% was used, to approximate SEM
data for epidote from chosen samples. GSD-1G, reference basaltic glass
material designed by the USGS for applications to in-situ elemental
analysis by LA-ICP-MS and SIMS (Jochum et al., 2008), was used as a
secondary check standard.
2.4. Machine learning workflow
The workflow applied to LA-ICP-MS raster map data is presented in
Fig. 2 and is modified from the methods for PCA of LA-ICP-MS spot data
of pyrite outlined by Roman et al. (2018) and cluster analysis of principal
components by Gazley et al. (2015). Statistical analysis was undertaken
using the geochemical data analysis and visualisation software IoGAS™.
Data compilation was conducted in Microsoft Excel®.
2.5. Compilation of map data and filtering for epidote
LA-ICP-MS raster map data from seven maps were compiled into a
single excel sheet table for statistical analysis. Compiled data were
filtered for epidote using probability plots (Fe ¼ 5 to 15 wt%). Filtered
data were plotted in x-y space for visual comparison to SEM backscatter
images, to ensure that all non-epidote mineral phases had beeniations: Act¼ actinolite; Alb¼ albite; Cal¼ calcite; Chl¼ chlorite; Di¼ diopside;
YE16AA096 YE16AA112 YE16AA126 YE16AA151
306516 305023 305311 304761
4314069 4313378 4315236 4317202
1653 1913 1876 1706
McConnell
Canyon volcanics
Shamrock
monzonite
McLeod Hill quartz
monzodiorite
McLeod Hill quartz
monzodiorite
Ep – Qtz – Cal Ep–Alb–Act Ep–Alb–Act–Chl Ep–Alb
Pervasive Patchy Patchy; clots Vein halo
– Ep–chl Ep–act–alb Ep
– 0.2 0.7 <0.1
– Ep–Alb–Act Ep–Alb–Act Ep-Alb–Act
– 1–3 2–4 1–2
Skarn Shamrock Porphyry medial Porphyry proximal
Fig. 2. Machine learning workflow applied to LA-ICP-MS raster map data from this study. Each step of the workflow is described in further detail in the text. This
workflow builds on previous work by MacQueen (1967), Aitchison (1986), Templ et al. (2008), Martín-Fernandez et al. (2012), Gazley et al. (2015), and Roman
et al. (2018).
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2.6. Modelling data distributions
Martín-Fernandez et al. (2012) suggests that statistical analyses on
geochemical data should only be performed on datasets where >70% of
the data are above the analytical detection limit. Data distributions for
LA-ICP-MS raster map data were assessed using histograms and normal
score diagrams to identify variables where most data (>60%) was above
the calculated analytical detection limits (Appendix A). Iron, Sr, Mn, Pb,
U, and Ce were included in subsequent multivariate statistical analysis
and As, Sb, Th and Bi were excluded. Variation in epidote trace element
concentrations (particularly As and Sb) have been demonstrated to have
a relationship with distance from porphyry deposit centres (Cooke et al.,
2014a, 2014b). Therefore, univariate data of elements excluded from
statistical analysis and subsequent clustering, were evaluated and inte-
grated into final data interpretations. Aluminium was also excluded as it
was used for internal concentration calibration of LA-ICP-MS analyses.
2.7. Centred log-ratio transformation and z-score normalisation
In the conversion from counts per second data to ppm space, and
calibration to secondary standards, epidote mineral chemistry data were4normalised to their respective oxygen-free total (98%). Therefore,
compositional mineral chemistry data are closed, because they sum to a
constant (in this instance 98%), and cannot be used to produce variance
matrices required for PCA (Chayes, 1960). To appropriately transform
compositional data, log-ratio transformations such as a centred log-ratio
(CLR) can be used (Aitchison, 1982, 1986). Data were then normalised,
as required before principal components analysis (Templ et al., 2008),
using a z-score transformation. Normalisation removes effects of
different means and measurement scales, it also facilitates comparison of
spatial patterns of elements.2.8. Principal component analysis (PCA)
Principal component analysis (PCA) uses an orthogonal trans-
formation to convert a set of initially correlated variables to a smaller
number of uncorrelated variables (Jackson, 2005). The approach reduces
data dimensionality and simplifies geochemical analysis and interpreta-
tion (Grunsky et al., 2014; Gazley et al., 2015; Johnson and Wichern,
2007; Hood et al., 2018). Principal components can be used in subse-
quent multivariate methods such as cluster analysis and improve clus-
tering results by helping to maximise similarity of samples and
dissimilarity between clusters (Ding and He, 2004; Johnson and
Wichern, 2007; Filzmoser et al., 2009). Lawley et al. (2020), Kerr et al.
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036(2018), and Campbell et al. (2009) demonstrated that PCA of LA-ICP-MS
mineral map data improved the understanding of the relationship be-
tween textures observed in the maps and associated elements. However,
neither of these studies extended to showing principal components in
raster map space or geographic map space.
Classical (not robust) PCA was used to identify covarying elements
associated with different compositions and generations of epidote. OnlyFig. 3. SEM backscatter image and associated univariate LA-ICP-MS element maps of
elements maps (dashed yellow line). B. Mn; C. Fe; D. Sr; E., Pb; F. Sb; and G. Ce. LA-
Appendix C.
5major constituents of the epidote structure (Fe, Mn, Sr, Ce, U, Pb) were
used. Trace components, of which >40% of the dataset was below
detection limit, were not included in the PCA. Principal component (PC)
1 accounts for the greatest variance in the dataset; PC2 the second
greatest variance and so on. Results of PCA are examined as biplots,
where the loadings of each principal component (i.e., the contribution of
a given element to the principal component) are represented asepidote from sample YE16AA096: A. SEM backscatter image showing location of
ICP-MS raster maps for all other samples included in this study are presented in
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036eigenvectors. The length of each eigenvector is proportional to the
contribution of an element to the principal component. Long eigenvec-
tors correspond to heavy loadings (close to 1) and indicate the principal
component is strongly correlated to the given element.2.9. Unsupervised clustering
The K-means clustering algorithm was applied to principal compo-
nents in order to identify areas of similar mineral chemistry within and
between samples. K-means clustering is a computationally efficient
clustering method used to partition a dataset into K groups (MacQueen,
1967; Wagstaff et al., 2001). First, K initial cluster centres are selected.Fig. 4. Histograms (left) and ranked variable maps (right) for Mn in epidote from sa
ratio transformed data. E  F. Centred log-ratio transformed and z-score normalised
6These clusters are then refined iteratively using the following method:
(1) each data point (di) is assigned to its closest cluster centre using some
measure of distance (e.g., Euclidean distance); and (2) each cluster centre
(Cj) is updated to be the mean of its constituent instances. These steps are
replicated until the location of Cj stabilises. K-means was selected as an
adequate clustering method because it is widely accessible through
common geochemical data manipulation platforms such as ioGAS™ and
Biolabs Orange (Demsar et al., 2013).
The first three principal components were used in cluster analysis
because they accounted for a majority (>90%) of the of the total variance
of the dataset. The number of clusters (K) was determined by comparing:
(1) the sum of the squares of the distances of the points from the mean ofmple YE16AA096 showing: A – B. Untransformed ppm data. C – D. Centred log-
data. All LA-ICP-MS raster map data are tabulated in Appendix B.
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036their respective clusters, to the number of clusters; and (2) the difference
between the total sum of squares as the number of clusters increases.
Data clusters were evaluated in raster map space to identify areas of
spatial continuity within minerals and to relate these patterns with tex-
tures observed in SEM. Clusters were also evaluated in principal
component space using biplots to identify the relative contributions of
principal components and individual elements to each cluster.
3. Results
Raw and processed LA-ICP-MS raster map data for all epidote samples
is presented in Appendix B. Fig. 3 shows univariate LA-ICP-MS element
maps generated for sample YE16AA096, along with an SEM backscatter
image of the same sample location. Raster element maps for all other
samples used in this study are included in Appendix C.
3.1. Data transformation
Manganese, Fe, Sr, U, Pb and Ce datasets all had >60% data above
detection limits and were included in all further data transformation
steps, while As, Sb, Bi and Th were excluded from further statistical
analysis as <60% of the data were above analytical detection. Below
detection limit data were replaced with detection limit values. An
example of the data pre-processing steps from the machine learning
workflow (Fig. 2) is presented for Mn in Fig. 4. Untransformed Mn ppm
data has a positively skewed non-normal distribution (Fig. 4A). A CLR
transformation removes the raster map data from closed compositional
space (Fig. 4C). This transformation supports the interpretation of
element relationships independent of correlations related to closure. A z-
score normalisation applied to CLR-transformed data ensures the
numeric range of all variables is the similar (Fig. 4E).
3.2. Principal component analysis
Results from the PCA are tabulated in Appendix D. Principal
component 1, PC2, and PC3 account for 92% of the variability in the data.
Scaled coordinates that define principal components are listed in Table 2
and are presented in Fig. 5. Large PC1 values are defined by elevated Ce
and U. Conversely, low PC1 values are associated with elevated con-
centrations of Mn, Pb, Sr, Fe (in order of decreasing contribution; Fig. 5A
– B; Table 2). Elevated Pb is the primary variable that defines large PC2
values with lesser Mn and Ce (Fig. 5B and D). Low PC2 values are
associated with elevated Fe, Sr, and U (in order of decreasing contribu-
tion). Large PC3 values correspond to elevated U, Fe, and Mn (decreasing
contribution), whereas small PC3 values are characterised by elevated Sr
and Ce (Fig. 5C – D).
Ranked variable PC maps for sample YE16AA096 and YE16AA112
are presented in Fig. 6. Principal component maps for all other samplesTable 2
Scaled PCA stuff Ranked eigenvalue table showing the c
genvectors.
7are included in Appendix C. In sample YE16AA096, low PC1 (Fig. 6B)
and PC3 (Fig. 6D) values are associated with lower signal (darker) parts
of the SEM backscatter images (Fig. 6A). Conversely, continuous zones of
high PC1 – PC3 values are restricted to the higher signal (brighter) parts
of the SEM backscatter image. The lowest PC1 and PC2 values are
associated with a single epidote crystal, adjacent to chlorite in the centre
of the image (Fig. 6F and G). Epidote twins are highlighted by positive
PC3 values in an elongate epidote crystal (Fig. 6H).
3.3. Cluster analysis
The number of clusters (K) selected for K-means cluster analysis was
determined based on levelling of the data trendline from the broken stick
plot illustrated in Fig. 7. Shallowing of the slope (using both delta and
sum of square methods; Fig. 7) is indicative of a decrease in the differ-
ence, measured in Euclidean distance space, between clusters. At lower
cluster numbers, the geochemical difference between groups is highest.
After some cluster number (k ¼ n), the difference between groups does
not increase and this is the natural number of discrete groups within the
dataset. In the dataset from the current study, the most significant change
in slope occurs where k ¼ 4 (Fig. 7). However, a second change to a
nearly flat slope occurs where k ¼ 6. To maximise the number of features
extracted from the dataset, six clusters were selected.
Principal component biplots of epidote map data coloured by cluster
numbers are presented in Fig. 8. Table 2 summarises the principal
element contributions to each cluster. Clusters 1, 3, 4 and 6 are largely
controlled by PC1. Cluster 1 has moderate PC1 values, moderate PC2
values, and low PC3 values. This cluster is correlated with moderate
values of all elements (Table 2). Cluster 6 has the overall lowest PC1
values consistent with highMn and Pb (low Ce and U; Table 2). Clusters 3
and 4 have a similar composition in principal component space and are
distinguished mainly by differences in PC2 values, consistent with Fe, Pb,
and Sr content. Both clusters have high PC1 values, which corresponds to
a composition dominated by U and Ce (Fig. 8; Table 2). Cluster 3 is Ce-
rich with low Sr and Fe contents, whereas Cluster 4 is U-rich and has
higher Sr and Fe contents. Cluster 2 is characterised by high PC2 values,
which corresponds to elevated Pb and lesser Mn (Fig. 8; Table 2). Cluster
5 has the lowest PC2 values, indicative of the highest Sr and Fe contents,
and with moderate values of all other elements (Fig. 8).
3.4. Chemical and textural observations
3.4.1. Yerington batholith epidote (YE16AA001, YE16AA126, and
YE16AA151)
LA-ICP-MS raster maps coloured by K-means cluster are presented in
Fig. 9 – Fig. 11. Fine-grained epidote in sample YE16AA001 is dominated
by Cluster 1b epidote, which correlates to elevated Mn, Fe, Sr and Pb
(Fig. 10C; Table 3). Coarser-grained epidote in the same sample hasontribution of elements to principal component ei-
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036mixed patches of Cluster 1a and Cluster 1b (Fig. 10C). Conversely,
samples YE16AA126 and YE16AA151 have dominantly Cluster 1a
epidote with minor amounts of Cluster 2a and Cluster 1b epidote.
Geochemical differences between fine and coarse-grained epidote were
not well-developed in these samples.
3.4.2. Retrograde skarn epidote (YE16AA058, YE16AA063, and
YE16AA096)
All three retrograde skarn epidote samples have minor amounts of
Cluster 1a, which has moderate concentrations of all elements (Table 3).
The zonation of coarse-grained epidote in samples YE16AA058 and
YE16AA063 has been assigned to Cluster 2c, which is correlated with
high U and low Pb and Mn values (10B–C; Table 3). The margins of
coarse-grained epidote in both samples are rimmed by a thin band of
Cluster 2b composition characterised by high Ce and lesser U (Table 3).
Fine-grained epidote in samples YE16AA058 and YE16AA063 has been
assigned to Cluster 2a, which has high Sr and Fe, and lowMn, Pb, Ce, andFig. 5. Results from the principal component analysis: A. Broken stick plot showing
percent contribution to principal component analysis of each component. B. Scaled co
Scaled coordinate values for PC2 vs PC3. Scaled coordinates are tabulated in Table
8U (Table 3). Coarse-grained epidote in sample YE16AA096 has been
assigned to Cluster 2b, which is characterised by high Ce values and
moderate U (Table 3). This is the same composition as the rims that
formed on the edges of coarse-grained epidote in YE16AA058 and
YE16AA063 (Fig. 10B – C).
3.4.3. Shamrock batholith vein-hosted epidote (YE16AA112)
The majority of epidote in sample YE16AA112 has been assigned to
Cluster 3, which corresponds to high Pb and Mn (Fig. 11; Table 3). This
sample also contains a large patch of Cluster 1b epidote with high Mn, Fe,
Sr and Pb (Table 3).
3.4.4. Trace element abundance
Box and whisker plots of selected samples for univariate Sb, As, Bi,
and Th data (ppm), coloured by K-means cluster are presented in Fig. 12.
These elements were excluded from data transforms and subsequent
machine learning algorithms due to an excessive number of belowthe total sum of eigenvalues vs the number of principal components, and the
ordinate values for PC1 vs. PC2. C. Scaled coordinate values for PC1 vs. PC3. D.
3. Results from this PCA are tabulated in Appendix D.
Fig. 6. Ranked variable maps of PC1, PC2, and PC3 calculated from LA-ICP-MS raster maps: A–D: YE16AA096. A. SEM backscatter image showing location of map
data. B. High PC1 values record growth zoning, and low PC1 values record a different generation of epidote. C. PC2 values record changes in compositions from the
core of an epidote crystal to the rim. D. High PC3 values are inferred to highlight sector zoning. E–H: YE16AA112. E. SEM backscatter image showing location of map
data. F. High PC1 values are associated with fine grained epidote and low PC1 values are associated with coarse-grained epidote. G. High PC2 values are associated
with fine-grained epidote. Low PC2 values are largely restricted to one zone of coarse-grained epidote adjacent to chlorite. H. High PC3 values are inferred to highlight
simple twins in a coarse-grained epidote crystal. PCA maps for all other samples in this study are included in Appendix C.
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036detection values (>40%). High values of these elements are defined here
as the upper 5th percentile of the univariate dataset measured in ppm
(Fig. 12). High concentrations of As and Sb values occur dominantly in
cluster 2b and 2c (with elevated U) and to a lesser degree cluster 3
(elevated Mn and Pb; Fig. 12). Clusters 1a and 3 contain most of the high
Bi values, although Bi was only analysed in three samples. All the highest9Th values occur in cluster 2b and 2c (elevated U and Ce; Fig. 12).
4. Discussion
Microscale textures and compositional features are routinely inter-
preted from LA-ICP-MS raster element maps, e.g., changes in mineral
Fig. 7. Broken stick plot showing the sum of the squares of the distances of the points from the mean of their respective cluster groups (sum of squares; red) and the
difference between the total sum of squares as the number of groups increases (Delta; black).
Fig. 8. Principal component biplots of all epidote LA-ICP-MS raster map data showing the geochemical relationship between different elements comprising each
principal component. A. RQ2 vs. RQ1. B. RQ3 vs. RQ2. Data is coloured by K-means cluster. Results from this PCA are tabulated in Appendix D.
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036composition associated with growth zones, lamellar zones, twins,
microfractures, and micro-inclusions (e.g., Roman et al., 2018; Large
et al., 2009; Cooke et al., 2014b; Kerr et al., 2018). However, to assess all
analysed elements using univariate maps requires many maps to be
produced. As the number of univariate maps increases, it becomes more
difficult to visually inspect for patterns, contrasts, or statistical correla-
tion of elements between images. Furthermore, it is difficult to represent
qualitative observations from univariate LA-ICP-MS raster maps in
geographic space.
Understanding the macro-scale geological significance of composi-
tional clusters generated using the LA-ICP-MS workflow depends on
placing micro-scale observations into the geological context of the rock
samples. First, the clusters should be considered in terms of geochemical
similarities and differences. These can be related to individual mineral
paragenesis and general geochemical characteristics of an area.10Secondly, the presence of relative abundance of clusters can be plotted
for each rock sample, in geographic space, and considered relative to
regional paragenesis. These two aspects are discussed below using the
Ann Mason epidote samples to illustrate practical application.
In the present case study, the resultant epidote clusters represent
domains of geochemical similarity or difference which relate to porphyry
or skarn alteration assemblages in the Ann Mason Cu (Au–Mo) district.
These quantified raster map domains (Figs. 9–11) provide a basis for
comparing zonation within and between epidote samples. Elements
which characterise each cluster (ether positively or negatively corre-
lated) provide indications of geochemical affinity and can be related to
mineral paragenesis. The relative proportions of epidote clusters in each
sample are mapped into geographic space (Fig. 13B) as a means to
spatially compare map patterns to a generalised paragenetic sequence
(Fig. 13A).
Fig. 9. LA-ICP-MS raster maps of samples from the Yerington batholith coloured by K-means cluster: A. YE16AA126; B. YE16AA151; and C. YE16AA001. All three
samples contain epidote that belong to Clusters 1a and 1b, which correspond to elevated Mn, Sr, and Fe (in order of decreasing abundance).
Fig. 10. LA-ICP-MS raster maps of samples from the skarn environment coloured by K-means cluster: A. YE16AA096; B. YE16AA058; and C. YE16AA063. All three
samples contain significant amounts of clusters 2a and 2b, which correlate to high U and Ce contents.
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raster map clusters of epidote from the Yerington District.
To build a geographic interpretation of cluster relevance, the chem-
istry of epidote clusters must first be considered. Compositional vari-
ability between clusters (Table 3) produced using samples from the
Yerington batholith are inferred to be a product of their location relative
to the centre of Ann Mason. Clusters 1a, 1b and 2a and are inferred to
reflect porphyry-related epidote compositions with elevated concentra-
tions of Mn, Sr and Fe and the absence of significant concentrations U, Ce,
As, Sb, or Bi compared to other clusters. Epidote clusters 2b and 2c are
restricted to the skarn environment, in retrograde skarn assemblages
dominated by epidote, actinolite or tremolite, and calcite. These clusters
are characterised by high U, Ce, As, and Sb compared to other clusters
and distinctly lower concentrations of Mn and Pb.
At the time of porphyry Cu mineralisation, the primary locus of heat11was in the Luhr Hill cupola and around the Ann Mason porphyry dyke
swarm in the Yerington batholith (Dilles and Einaudi, 1992). The uni-
variate concentration of Mn is higher in the deposit distal sample
(YE16AA001) compared to the proximal sample (YE16AA151). This
difference is likely related to the decreasing solubility of Mn in the
magmatic-hydrothermal fluid with distance from the deposit centre,
associated with a decrease in fluid temperature (Hemley and Hunt,
1992). This interpretation is consistent with the behaviour of Mn, in both
whole-rock and epidote mineral data, as a distal pathfinder element in
the porphyry environment (Cooke et al., 2014a,b). Protolith composition
is considered not to be a controlling the variability of Mn-content in
epidote from the Yerington batholith, because all three samples are from
the relatively geochemically homogenous McLeod Hill quartz
monzodiorite.
In the skarn environment, fluid-rock ratios are inferred to be
Fig. 11. LA-ICP-MS raster map of sample YE16AA112 coloured by K-means cluster. This sample contains dominantly Cluster 3 epidote with lesser Cluster 1b epidote.
These compositions are consistent with elevated Pb and Mn, with lesser Sr and Fe.
Table 3
Summary of element enrichment or depletion by cluster.
High Low
Cluster 1 – U
Cluster 2 Pb, Mn Fe, Sr, U
Cluster 3 Ce, U Mn, Pb, Sr, Fe
Cluster 4 U Mn, Fe
Cluster 5 Sr, Fe Mn, Pb, Ce, U
Cluster 6 Mn, Sr, Fe Ce, U
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036relatively higher and thus control composition more strongly, based on
the similarity in epidote composition between three highly contrasting
rock types (YE16AA096: andesite; YE16AA063: monzonite; YE16AA058:
limestone). Clusters 2b and 2c are spatially related to the wedge of
Triassic – Jurassic volcanic and sedimentary rocks in the AnnMason fault
block (Fig. 13B). Arsenic (and Sb) values of least-altered Jurassic igneous
rocks in the Yerington district are low (0.3–3 ppm; Ahmed, unpublished
PhD data), similar to average crustal abundance values (Rudnick and
Gao, 2014). Least-altered samples of carbonaceous argillite are absent
from published whole-rock geochemical datasets for Yerington sedi-
mentary rocks (e.g., Dilles, 1987; Proffett and Dilles, 2008). However, As
and Sb can be enriched in clay-rich sedimentary rocks such as the silty
limestones and argillites that dominate the upper sequence of Triassic –
Jurassic rocks in the Ann Mason fault block. Global compilations of trace
element data for organic-rich argillites and black shales indicate average
As values between 29 and 69 ppm, an order of magnitude greater than
local igneous rocks (Huyck, 1989; Quinby-Hunt et al., 1989). Therefore,
leaching of As and Sb from sedimentary host rocks may explain the
elevated values of these elements in retrograde skarn epidote compared
to epidote from the Yerington batholith.
Cluster 2b, retrograde skarn epidote, contains high Ce values nearing
allanite composition (up to 1% Ce, Appendix B). Allanite is a common12component of skarn assemblages (e.g., Papunen and Lindsj€o, 1972; Pan
and Fleet, 1990; Smith et al., 2002). The highest Ce values are concen-
trated in alternating growth bands of high and low Ce-contents
(YE16AA063 and YE16AA096; Figs. 4, 7 and 10) and in microfractures
that transect epidote grains (YE16AA058; Appendix C).4.1. Defining paragenetic relationships from epidote raster map clusters
In peripheral locations around ore deposits, such as the distal por-
phyry environment at Ann Mason, obvious paragenetic relationships
such as crosscutting veins between different generations of a mineral can
be absent. This issue prevents the interpretation of relative timing be-
tween hydrothermal events, and absolute timing cannot be resolved
using conventional geochronology techniques (i.e., Ar–Ar, U–Pb, and
Re–Os) due to a lack of precision (Chiaradia et al., 2013). High resolution
LA-ICP-MS raster maps do allow interpretation of relative timing because
at small scale, cross cutting relationships and intergrowths can be
observed (Large et al., 2009).
Two samples from the retrograde skarn environment contain cluster
2a epidote. In sample YE16AA096, cluster 2a epidote is crosscut by
clusters 2b and 2c, which occur as fracture infill. For this reason, we infer
cluster 2a to have formed early relative to clusters 2b and 2c. Given that
cluster 2a was also present in porphyry-related epidote, it is possible that
this cluster may represent an early prograde phase of the mineral.
Epidote from the Shamrock batholith is characterised dominantly by
cluster 3 epidote, containing elevated concentrations of Pb and Mn.
Cluster 3 epidote only occurs in a significant amount within the Sham-
rock monzonite, which was emplaced after the Yerington batholith and is
inferred to post-date both skarn and porphyry-style mineralisation in the
district (Dilles, 1987; Dilles and Wright, 1988). As such cluster 3 epidote
is inferred to be late in the paragenetic sequence (Fig. 13A). The Pb and
Mn concentrations of least-altered samples from the Yerington and
Shamrock batholiths are similar (<10 ppm Pb; 200–300 ppmMn; Ahmed
Fig. 12. Box and whisker plots for selected samples showing As, Sb, Bi and Th concentrations by epidote compositional clusters identified in this study. These el-
ements were excluded from PCA and K-means clustering due to the abundance (>40%) of below detection limit values: A – D; Sample YE16AA063; and E–H:
Sample YE16AA001.
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036et al., 2019), which indicates that host rock is unlikely to be the source of
high concentrations of Pb and Mn in this type of epidote. However,
Triassic volcanic rocks in the Ann Mason fault block (adjacent to sample
YE16AA112) have nearly an order of magnitude higher concentrations of
Mn and Pb than Jurassic intrusive rocks (Proffett and Dilles, 2008), and
may be the source the for these elements in epidote from sample
YE16AA112.134.2. Refining the number of unsupervised clusters
Principal component maps of raster data presented in the current
study highlight geochemically unique microscale textural features in
epidote, such as growth and sector zones, by maximising the chemical
differences between data points (e.g., YE16AA096; Fig. 6). In contrast,
the clustering stage groups these textural domains to better capture
Fig. 13. A. Geology map of the Ann Mason fault block (colour map shown in Fig. 1), modified from Proffett and Dilles (1984), showing the spatial distribution of
epidote compositional clusters and the relative proportions of clusters in each sample. Cluster colours in Fig. 13A apply to 13B; and B. Generalised paragenetic
sequence of different epidote compositions in the Yerington district based on textural relationships observed in LA-ICP-MS raster maps.
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036alteration chemistry overprinting different earlier growth zonation
(Fig. 9A). Six clusters were determined for the case study data, as an
optimal number to represent cluster similarity (Fig. 7). However,
increasing or decreasing the number of clusters provides a rise or drop in
the granularity of the geochemical domains, respectively.4.3. Misclassification of data points and cluster algorithm selection
Data points on individual raster maps group dominantly into either
one or two clusters, per map, with a small frequency of datapoints
belonging to subordinate clusters (Figs. 9–11). Where two clusters exist
in similar proportions, the element associations between clusters are
similar. For example, sample YE16AA096 is composed mainly of clusters
2b and 2c (both dominated by elevated REE values; Fig. 9A; Table 3).
However, in the same sample, 2.4% of the datapoints have been classified
as clusters 1a and 2a (Fig. 8). These datapoints tend to be marginal to
dominant clusters in multivariate space, and probably represent a
multidimensional, geochemical edge effect.
The K-means algorithm works by minimising the sum of squares
differences within each cluster (MacQueen, 1967; Jain, 2010). Natural
groups of data that have non-spherical shape and variance are not14optimal for K-means clustering. As well, clusters of similar size or number
of datapoints are favoured. Therefore, cluster centroids are typically
pulled towards larger, denser clusters. Elements included in PCA and
K-means clustering of raster map data in this study can occur in epidote at
variable concentrations ranging from ppm to wt.% (Sr, Mn, Fe, Ce, U, Pb;
Frei et al., 2004).
Although there are at least 18 compositionally distinct epidote min-
erals (Franz and Liebscher, 2004) natural samples typically represent a
solid-solution between multiple epidote group end-members. Clustering
on this kind of anisotropic natural data can result in soft boundaries
between clusters, as observed in the current study. While our results are
clearly interpretable and relatable to regional geology there is value to
considering different clustering algorithms on a case-by-case basis. In
practice, clustering algorithm comparison and selection can readily be
undertaken as per Templ et al. (2008).
5. Conclusions
Raster mineral maps created using LA-ICP-MS data can illustrate
microscale compositional domains within mineral grains. The applica-
tion of machine learning cluster analysis improves the interpretability of
A.D. Ahmed et al. Applied Computing and Geosciences 8 (2020) 100036these maps by quantifying geochemical domains and yielding results
which are reproducible between users. Cluster results frommulti-sample,
mono-mineralic datasets can be assessed in the context of other samples,
both in geochemical and geographical map space, thereby extending
insight from microscopic scales to regional scales to better understand
geological paragenesis of an area. Although epidote was used in this
study, the workflow is directly transferable to any raster mineral chem-
istry data, such as for chlorite, pyrite, zircon, or apatite; minerals
commonly used in vectoring and fertility studies.
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